tially variable soil properties that affect crop yield to better optimize crop productivity and to maintain the Crop yield inconsistently correlates with apparent soil electrical sustainability of agriculture.
P
edogenic and anthropogenic factors result in soil are helping to bring precision agriculture from a concept variation within agricultural fields that affects crop to a tool for addressing the issue of agricultural sustainproductivity. A variety of physicochemical properties of ability. soil influence crop production, including plant-available Bullock and Bullock (2000) point out that efficient water; infiltration; permeability; soil texture and strucmethods for accurately measuring within-field variations ture; soil depth; restrictive soil layers; organic matter; in soil physical and chemical properties are important chemical constituents such as salinity, fertilizers, pestifor precision agriculture. Soil EC a has become one of the cides, trace elements, and toxic ions; meteorology; and most reliable and frequently used measurements to landscape features such as microelevation and topogracharacterize field variability for application to precision phy (Black, 1968; Thornley and Johnson, 1990 ; Hanks agriculture due to its ease of measurement and reliaand Ritchie, 1991; Tanji, 1996) . In laser-leveled, irribility (Rhoades et al., 1999a (Rhoades et al., , 1999b ; Corwin and Lesch, gated agricultural lands of the arid southwestern USA, 2003) . For instance, it has been previously shown by soil physicochemical properties such as salinity, soil tex- Kitchen et al. (1999) using boundary-line analysis that ture and structure, plant-available water, trace elements soil EC a provides a measure of the within-field soil dif-(particularly B), and ion toxicity (Na ϩ and Cl Ϫ ) are the ferences associated with topsoil thickness, which for primary soil factors influencing crop yield (Tanji, 1996) .
claypan soils, is a measure of root zone suitability for These properties tend to be highly spatially variable.
crop growth and yield. The potential of the spatial meaSite-specific crop management (or precision agriculsurement of profile EC a for predicting crop yield due ture) has been proposed as a means of coping with spato soil differences has been reported by Jaynes et al. (1995) and Sudduth et al. (1995) . The rapid spatial mea-surement of soil EC a has been demonstrated using both mobile electromagnetic (EM) induction (McNeil, 1992; Rhoades, 1992a Rhoades, , 1992b Carter et al., 1993; Jaynes et al., 1993; Kitchen et al., 1996) and mobile electrical resistivity equipment (Rhoades, 1992a (Rhoades, , 1992b Carter et al., 1993) . Precision agriculture studies relating crop yield directly to EC a have met with inconsistent results due to the complex interaction of soil properties that influence the EC a measurement, thereby confounding results (Corwin and Lesch, 2003) . These soil properties include soil salinity, clay content and cation exchange capacity, clay mineralogy, soil pore size and distribution, soil moisture content, organic matter, bulk density ( b ), and soil temperature (McNeil, 1992; Rhoades et al., 1999a Rhoades et al., , 1999b Corwin and Lesch, 2003) .
In instances where yield correlates with EC a , spatial measurements of EC a can be used in a precision agriculture context (Corwin and Lesch, 2003) . More specifi- directed soil sampling plan that identifies sites adequately reflecting the range and variability of various face of the Panoche series is light brownish gray, light yellowish soil properties thought to influence crop yield. This is brown, or pale brown; calcareous; and widely variable in texadvantageous because the cost of obtaining soil samples ture. It is thick and friable and easily penetrated by roots and water. Where the soil is moderately fine textured, it becomes to characterize field spatial variability is a key problem sticky when wet but is easily worked when dry. The subsoil, in precision agriculture. (EC e )], texture, b , LF, B, NO 3 -N, and plant-available water. Similarly, the EC a measurement of high clay conCotton Yield Monitoring and Data tent soils of the arid San Joaquin Valley is influenced by the properties of EC e , texture, water content, and b Spatial distributions of cotton yield were measured with a four-row cotton picker equipped with a yield sensor and GPS.
and often correlates with soil B levels and LF (Rhoades The GPS unit used was an AG132. Yield sensors used a light et al., 1999a , 1999b Corwin and Lesch, 2003; source and an eye through two of the four chutes on a cotton al., 2003) . It is hypothesized that in instances where picker to measure average seed cotton yield (conversion: seed cotton yield correlates with EC a , the spatial distribution cotton ϫ 0.34 ϭ lint cotton). All subsequent referrals to cotton of EC a could provide a means of determining the effects yield are with respect to seed cotton yield. The GPS receiver of soil variability on yield by guiding an optimized samaccuracy was to within 1 m of horizontal accuracy. The spatial ple design of soil properties influencing yield. cotton yield data were collected during the August 1999 harThe objectives of this study were to (i) determine the vest. It was not clear from the original 10 000ϩ raw cotton yield correlation between cotton yield and EC a for a site in measurements what constituted a reasonable lower bound for the San Joaquin Valley; (ii) utilize an intensive spatial legitimate readings, so an arbitrary value of 1 Mg ha Ϫ1 was survey of EC a to devise a soil sampling scheme that chosen as the cutoff. This eliminated nearly all near-zero readwill identify soil properties influencing cotton yield; (iii) ings that were due to field-edge effects and the presence of correlate cotton yield with spatially associated soil physa temporary unlined irrigation canal that had been excavated icochemical properties, including gravimetric water conin an east-west direction through the middle of the field and then filled in before the yield monitoring. The raw data set tent ( g ), EC e , B, pH, percentage clay, b , NO 3 -N, Cl site-specific cotton yield response model. 
METHODS AND MATERIALS
Intensive Fixed-Array Apparent Soil Electrical Study Site Description Conductivity Survey
The study site was a 32.4-ha field (west half of quarter section 4-2) located in the Broadview Water District on the The methods and materials that were used in this study for conducting an EC a survey followed the suggested guidelines west side of the San Joaquin Valley in central California (Fig. 1) . The 4000-ha Broadview Water District is located in of Corwin and Lesch (2003) . Mobile fixed-array electrical resistivity equipment developed by Rhoades and colleagues the northwest corner of Fresno County. The field was planted with cotton. The soil at the study site is a Panoche silty clay (Rhoades, 1992a (Rhoades, , 1992b Carter et al., 1993) was used in an intensive EC a survey. The intensive EC a survey was conducted (thermic Xerorthents), which is slightly alkaline and has good surface and subsurface drainage (Harradine, 1950 (1995a, 1995b, 2000) was used to establish the locations where EC, and percentage clay. Solution extracts were taken from 1:1 soil cores were taken based on the EC a survey data. Using a soil/water mixtures. The 1:1 extracts were analyzed for pH, model-based sampling strategy, 60 sites were selected that NO 3 -N, Cl Ϫ , EC, and B following procedures outlined in Agronreflected the observed spatial variability in EC a while simultaomy Monograph No. 9 (Page et al., 1982) . From the electrical neously maximizing the spatial uniformity of the sampling conductivity from the 1:1 extracts and from the SP, EC e was design across the study area. The number of sites is usercalculated because EC e is the most common representation defined in ESAP. In this particular instance, 60 sites (six depths of soil salinity. The second set of 343 soil samples was used at each site) were selected as the maximum number of samples to determine b . The LF was estimated by dividing the average that could be analyzed with the available resources to characCl Ϫ concentration of the irrigation water by the Cl Ϫ concentraterize any encountered spatial autocorrelation. A detailed distion of the saturation extract at the 1.2-to 1.5-m depth increcussion of the application of a model-based sampling strategy ment. The Cl Ϫ concentration of the saturation extract at the using EC a survey data can be found in Lesch et al. (1995b) .
1.2-to 1.5-m depth increment was used because 0 to 1.5 m was Figure 2 is a map of the 4000ϩ EC a measurements and the selected as the root zone of cotton at the study site. The ra-60 locations selected with the ESAP software.
tionale for using the 0 to 1.5 m as the root zone is discussed in Soil cores were taken at the 60 sites with a Giddings rig at the following section. Particle size distribution was measured 0.3-m increments to a depth of 1.8 m. Two sets of cores were using the hydrometer method (Gee and Bauder, 1986) . taken for each depth increment. The duplicate cores were taken within 7.5 to 10 cm of one another. One set of soil cores
Simple Statistical Correlations and Cotton
was taken for b determination (Blake and Hartge, 1986) , and
Yield Modeling
another set was taken for soil chemical and physical property For all statistical correlation and regression analyses, the analysis. All samples were bagged in zip-lock bags and stored average over the root zone (0-1.5 m) at each site was used. in an ice chest until they could be refrigerated. At 17 locations, Simple correlations were determined between yield and the soil cores could not be taken at the deepest depth increment physicochemical properties of g , EC e , B, pH, percentage clay, (i.e., 1.5-1.8 m) because the water table had been reached b , NO 3 -N, Cl Ϫ , LF, and SP. Correlations between the physicoand the sample was saturated, causing it to run out of the core chemical properties and EC a and between cotton yield and tube before reaching the soil surface. This resulted in two sets EC a were also determined. of 343 soil samples.
The cotton yield data collected during the study did not exactly overlap with the EC a survey data; consequently, ordinary kriging was used to determine the expected cotton yield at the 60 soil-core sites. The spatial correlation structure of yield was modeled with an isotropic variogram (Fig. 3) . As shown in Fig. 3 , the overall structure revealed a sizable nugget term, suggesting the existence of considerable localized yield variation most likely due to large measurement error caused by yield-monitoring dynamics. The following exponential variogram model was used to describe this spatial structure: proach implemented in the SAS (SAS Inst., 1999) 
MIXED model-fitting procedure (Littell et al., 1996) . Both where 2 represents the nugget variance, 2 the spatial variance the model parameter estimates and spatial error parameters component (partial sill), D the lag distance, and ␣ the range were simultaneously estimated using this approach. In addiparameter. A nonlinear least-squares fitting algorithm was tion, the approximate statistical significance of the estimated used to estimate the three variogram model parameters (stanspatial error parameters was determined using the likelihood dard errors are in parentheses): 2 ϭ 0.76 (0.02), 2 ϭ 1.08 test (Littell et al., 1996) . (0.02), and ␣ ϭ 109.3 (5.97). This fitted variogram model was then used in an ordinary kriging procedure to estimate the
Geographic Information System and Map Preparation
expected yield at the 60 sample sites. The mean estimated All spatial data were entered into a GIS using the commeryield for the sample sites was 5.95 Mg ha Ϫ1 , with a range from cial GIS software ArcView 3.1. Interpolated maps of the soil 3.40 to 7.41 Mg ha Ϫ1 , and associated kriging standard errors physicochemical properties were prepared by kriging the mearanged from 0.93 to 0.96 Mg ha
Ϫ1
.
surements. Previous studies comparing interpolation methods A preliminary cotton yield response model was first develfor mapping soil properties have found kriging better (Laslett oped using ordinary least squares (OLS) regression techet al., 1987; Warrick et al., 1988; Leenaers et al., 1990 ; Kravniques. The physicochemical properties were the regressor or chenko and Bullock, 1999) while others have shown inverse independent variables, and estimated yields were the response distance weighting to be superior (Weber and Englund, 1992; or dependent variable. A correlation analysis and scatter plots Wollenhaupt et al., 1994; Gotway et al., 1996) . Kriging was of yield vs. individual soil properties were used to develop selected as the preferred method of interpolation because it the initial yield response model structure. This initial structure was more accurate than inverse distance weighting based on included linear effects for all 10 physicochemical properties.
the use of the mean squared error as the main criterion for A backward variable selection procedure was used to screen comparison. Interpolated maps of the factors influencing cotout the clearly nonsignificant physicochemical parameters (paton yield were prepared, and a map of the cotton yield was rameters with t-score values below 1.8). This predictor screenprepared by interpolation of the 7706 cotton yield sites. ing procedure helped to alleviate the inherent multicollinearity between some of the predictor variables, specifically between SP and percentage clay and LF and Cl Ϫ data. Min-
RESULTS AND DISCUSSION
imizing multicollinearity was also the reason for using g in- Table 1 is a summary by depth of the soil physicostead of volumetric water content because of the collinearity chemical properties that potentially influence cotton between b and volumetric water content. Based on this exploratory correlation analysis and preliminary multiple linear reyield variability at the study site. Soil salinity (EC e ) ingression analysis, six primary soil properties were selected creased with depth. The EC e reached as high as 37.5 dS for the initial yield response model structure: EC e , LF, pH, m Ϫ1 at the 1.5-to 1.8-m depth increment. There was a of the top 1.5 m of soil at each of the 60 sites. Nitrate that extended west to east through the middle of the N consistently had the highest coefficient of variation, field. Another pocket of high leaching occurred in the which indicates high spatial variability across the field southwest corner. Overall, the LF for the entire field (see Tables 1 and 2 ). Electrical conductivity of the satuwas 0.28 with considerable variability across the field ration extract, B, and Cl Ϫ showed considerable variabil-(CV ϭ 64.6). ity as reflected by coefficients of variation consistently near or above 40, except in the top 0 to 0.3 m. The pH
Preliminary Correlation Analysis
and b values consistently showed the lowest coefficients
The calculation of simple correlation coefficients of of variation. Leaching through the root zone (0-1.5 m), as quantified by the LF, was the highest in a broad band spatially varying soil properties to field-scale yield is a first-step approach in explaining yield variation but is grees (Fig. 4c, 4e , and 4f). Even though there is no corusually not sufficient. This is because correlations prorelation between yield and pH (r ϭ Ϫ0.01; see Fig. 4d ), vide little direct evidence for the cause(s) of yield variapH became statistically significant in the presence of tion and because correlation analysis is an assessment the other variables in the final yield response model. of the linear relationship between variables, which does Although the absolute soil water content is clearly time not account for nonlinear relationships or multiple, independent, the relative spatial patterns of water content teracting, yield-affecting factors (Kitchen et al., 1999) .
variation (i.e., hydrologic signatures) remain fairly conNevertheless, simple correlations do provide the first stant over the growing season (Engman, 1999) . This level of information needed to determine what factors suggests that the g data can serve as a surrogate variable are influencing yield.
indicating the relative level of plant-available water. The The correlation coefficient (r) for EC a and yield was high correlation between percentage clay and g (r ϭ r ϭ 0.51 (P Ͻ 0.01). Because EC a is a measure of several 0.90) and between percentage clay and calculated water soil properties, the moderate positive correlation of EC a content at field capacity (r ϭ 0.79 where field capacity ϭ and yield suggests that either the interaction of these SP/2; Rhoades et al., 1999a) suggests that hydrologic properties was significant in influencing cotton yield or signatures are reasonably stable at this study site. that one or two properties influenced yield and the Boron was positively correlated with yield and was others were collinear. Even though the correlation belinear. The positive, linear relationship between B and tween EC a and yield was significant, there were obviyield suggests no yield decrement effect for the range ously other factors influencing yield beyond those meaof observed root-zone B concentrations (2.45-16 .29 mg sured by EC a . Nevertheless, at this particular study site, L
Ϫ1
). Even though the average root-zone B concentra-EC a was a useful indicator of cotton yield. tion exceeded the cited threshold limit of 10 mg L Ϫ1 at The results from preliminary correlation analysis be-12 locations (Maas, 1984) , there was no noticeable yield tween EC a and soil properties are shown in Table 3. decrement. Ostensibly, the B concentration in the top Electrical conductivity of the saturation extract, B, g , 0.9 m of soil, which in all cases was Ͻ10 mg L Ϫ1 , was percentage clay, and SP are highly correlated with the EC a , with correlation coefficients of 0.87, 0.88, 0.79, 0.76, a quadratic relationship with the predicted yield levels † g , gravimetric water content; EC e , electrical conductivity of the saturation extract; b , bulk density; LF, leaching-fraction; SP, saturation perincreasing and then falling off (Fig. 4a) . The yield data centage.
displayed a negative, curvilinear relationship with the ‡ Pearson correlation coefficients based on 60 observations. LF (Fig. 4b) . The yield tended to display minimal re- to be linearly related with the yield data to various de- sufficiently low to prevent any B toxicity from occurring where, based on Fig. 4 , the relationships between cotton (Maas, 1984) .
yield (Y) and pH, percentage clay, g , and b are assumed to be linear; the relationship between yield and EC e is
Crop Yield Response Model
assumed to be quadratic; the relationship between yield and LF is assumed to be curvilinear; ␤ 0 , ␤ 1 , ␤ 2 , . . . , ␤ 7 Based on initial exploratory correlation and multiple are the regression model parameters; and ε represents linear regression analysis, the following regression model the random error component, initially assumed to be structure was proposed for describing the soil property normally distributed and spatially independent. effects on cotton yield: Table 4 shows the OLS regression modeling summary Y ϭ ␤ 0 ϩ ␤ 1 (EC e ) ϩ ␤ 2 (EC e ) 2 ϩ ␤ 3 (LF) 2 ϩ ␤ 4 (pH) results for Eq. [2] . The R 2 value of 0.61 suggests that Eq. [2] successfully described slightly more than 60% termined using a likelihood ratio test (Littell et al., 1996) . Table 5 shows the recalculated parameter estimates using an assumed isotropic exponential spatial covariance structure with no nugget and one adjustable range parameter. The adjusted t-test results still indicate that the percentage clay and b can be removed from the regression model. The likelihood ratio test statistic for the spatial covariance structure yielded a Chi-square value of 8.8 (see Table 5 ; 111.3 Ϫ 102.5 ϭ 8.8) with 1 degree of freedom (p ϭ 0.003), indicating that the errors are spatially correlated. The removal of percentage clay and b from Eq. [2] resulted in the most robust and parsimonious yield response model for cotton. Table 6 shows the final maximum likelihood parameter estimates after removing percentage clay and b , which results in the following yield response model: 
of the estimated spatial yield variation. The nonsignifiThe LF 2 and pH parameters are highly significant, and cant t tests associated with the percentage clay and b
the EC e (linear and quadratic) and g parameter estiparameter estimates suggest that these soil properties mates are significant at or near the 0.05 level. The LF 2 do not contribute to the yield predictions in a statistically and pH parameters are both negative, implying that the meaningful manner. However, all of the other parameyield decreased as either the LF or soil pH increased. ters appear to be significant near or below the 0.05 level.
The g term is positive, implying that the yield increased An analysis of the regression model residuals revealed as the plant-available water content increased. The posino outliers. The normal distribution assumption aptive linear and negative quadratic EC e terms imply that peared valid, and the residuals passed the Shapiro-Wilk the yield increased under low salinity but decreased Normality Test (Shapiro and Wilk, 1965) . However, as under higher salinity levels. The point of maximum yield shown in Fig. 5 , the residual variogram plot indicates with respect to salinity was calculated by setting the first that the errors were spatially correlated. This implies partial derivative of the fitted regression to zero with that optimal, unbiased estimates of the regression model respect to EC e , which resulted in a value of 7.17 dS m Ϫ1 . parameters cannot be obtained using OLS fitting techThis is very similar to the salinity threshold for cotton niques. Instead, an adjustment for the spatially correof 7.7 dS m Ϫ1 reported by Maas and Hoffman (1977) . lated error structure must be employed during the esti- Table 6 also shows the estimated sill (mean square mation of this model. error) and range parameters for the assumed exponenUsing a restricted maximum likelihood approach, both tial spatial covariance structure. The maximum likelithe model parameter estimates and spatial error paramhood estimate of the mean square error was 0.39, indieters were simultaneously estimated in an objective cating that the root mean square error is about 0.63 Mg manner. In addition, the approximate statistical signifiha Ϫ1 for this model. The range parameter estimate was cance of the stimulated spatial error parameters was deabout 66.2 m, indicating that the range of residual spatial correlation was less than the corresponding raw yield spatial correlation range of 109.3 m but still statistihow much the predicted yield decreased when the value for each soil property was individually shifted up (or cally significant. Figure 6 displays the final observed vs. predicted cotdown) by 1 standard deviation from its mean level. A baseline value of 7.17 was used for salinity, rather than ton yield estimates while Fig. 7 compares maps of measured cotton yields and predicted yields based on Eq. the mean EC e level of 6.72, because 7.17 represents the point of maximum yield with respect to the quadratic sa- [3] . Figure 6 suggests that the estimated regression relationship has been reasonably successful at reproducing linity response pattern. The calculated percentage yield reduction data shown in Table 7 indicates that LF is the the predicted yield estimates. Figure 7 shows a reasonably close spatial association between interpolated meamost significant factor influencing yield. The observed spatial patterns of LF in the northern sured and predicted maps.
and southern halves of the field (see Fig. 8b ) are largely the consequence of flood irrigation distributions and the
Interpretation of Soil Properties' Influence
temporary unlined irrigation canal. The field is a leveled on Cotton Yield field with a gradual downhill slope (0.0009 m m Ϫ1 ) from The quadratic relationship between EC e and yield the southwest to the northeast. A temporary east-west (Fig. 4a) is not in line with the piece-wise linear response irrigation canal is located at the southern end of the function between salinity and yield commonly presented field with the irrigation water source entering at the in the literature (Maas and Hoffman, 1977) . The tradisouthwest corner and a temporary irrigation canal runtional two-piece linear response function consists of a ning north to south along the west side from the southtolerance plateau with a slope of zero and a salinitywest corner to midfield and then running west to east dependent line whose slope indicates the yield reduction at midfield (see Fig. 2 ). The temporary canals were exper unit increase in salinity (Maas and Hoffman, 1977) .
cavated after planting and filled before harvest. From The point of intersection of the two lines designates the these temporary canals, the field was flood-irrigated in salinity threshold. An explanation for the disparity may two sections: the northern half and the southern half. be overleaching. Several of the sample sites where low Flood irrigation occurs over north-south furrows. yield (i.e., Ͻ5.5 Mg ha Ϫ1 ) corresponded with low EC e With respect to the northern half of the field, high (i.e., Ͻ3 dS m
leaching in the vicinity of the temporary irrigation canal levels accompanied with high leaching (i.e., LF Ͼ 0.5).
(i.e., the east-west midfield portion of the canal) and This suggests that overleaching may have been responsiprogressively lower leaching from south to north are the ble for the removal of NO 3 -N, particularly in the southconsequence of uncontrolled leaching from the unlined west corner of the study area ( Fig. 8a and 8b) , which led canal and flood irrigation down the north-south furrows to low yield. The low yield associated with low salinity is from the midfield canal, respectively. The uneven water an artifact rather than a cause-and-effect relationship.
distribution from south to north is a consequence of the The degree of influence that each soil property had time for water to travel down the furrows and reach the on the cotton yield as indicated by Eq. [3] is shown in end of the field; consequently, greater applied water, Table 7 . This influence was determined by calculating infiltration, and leaching occurred near midfield closest to the irrigation source (i.e., the east-west canal) with diminished applied water from south to north. The observed spatial patterns of LF in the southern half of the field shows greater leaching on the west side than on the east side with no noticeable north-south trends. The east-west spatial patterns of LF are similar to the general east-west patterns of percentage clay with decreasing clay content from west to east. The fact that greater leaching occurred where fine-textured soil is present is unexpected and more likely reflects nonuniformity of water application from west to east due to flood irrigation. The nonuniform water application is the consequence of higher volumes of water being applied on the west side of the field closest to the source of irrigation water and nearest to the unlined northsouth canal.
A potential cause-and-effect explanation for the inverse relationship of yield to LF may also relate to overleaching. Intuitively, areas receiving larger amounts of water would most likely produce higher yields unless the areas of lowest leaching were receiving sufficient water to meet water needs and areas of high leaching were being overleached. Overleaching would be a consequence of applying more water than needed for the par- ticular soil texture. Coarse-textured soils require less wa- ter to reach field capacity than fine-textured soils. Over-7.7 dS m Ϫ1 (Maas and Hoffman, 1977) and 10 mg L Ϫ1 (Maas, 1984) , respectively, for cotton. The average rootleaching would remove important mobile nutrients.
zone salinity in 20 locations was Ͼ7.7 dS m Ϫ1 . The averEvidence of overleaching is reflected by the field's negaage root-zone B concentration exceeded 10 mg L Ϫ1 at tive correlation between LF and NO 3 -N (r ϭ Ϫ0.52).
14 locations. However, exploratory correlation analysis An interpretation of how and why the remaining two showed no influence of B on cotton yield. Furthermore, soil properties, pH and g , influence yield provides furthe fact that B was eliminated by backward elimination ther insight into the crop response dynamics. Soil pH procedures from exploratory model variable selection has a negative parameter estimate, indicating an inverse suggests that there is no statistical evidence for the rerelationship with yield, while g has a positive relationduction of cotton yield by B. ship (Table 6 ). The relationship between yield and g reflects the positive response of the plant to higher available water. Over the range of encountered root-zone SUMMARY AND CONCLUSION ), an increase in the pH slightly decreased the yield. Potential reasons for the slight decrease in Crop yield monitoring with continuous-flow sensors yield with increasing pH are (i) the solubility of cationic and GPS indicate areas within fields that differ in crop trace elements decreases with increasing pH, so plant productivity. Yield maps provide the basis for impledeficiencies of Cu, Fe, Mn, and Zn commonly exist at menting site-specific crop management by indicating higher pH in saline soils (Page et al., 1990) and (ii) high where varying cropping inputs are needed based on spapHs can cause soil infiltration problems (Suarez et al., tial patterns of crop productivity (Long, 1998) . How-1984) , thereby reducing water availability. ever, the cropping inputs necessary to optimize producBecause of the close positive correlation between B tivity and minimize environmental impacts can be derived and salinity (r ϭ 0.96), it is difficult to separate out the only if it is known what factors gave rise to the observed yield reduction effect of salinity and B. It could be arspatial crop patterns (Long, 1998) . Edaphic properties gued that B rather than salinity was influencing cotton comprise one set of factors influencing crop patterns. yield or that both in combination were influencing yield.
The EC a measurement is influenced by several soil properties that also influence cotton yield on arid-zone soils The root-zone threshold levels of salinity and B are of multiple soil parameters with a sample design optimized for the characterization of crop yield and soil heterogeneity. The presented approach provides a means of identifying within a field the predominant soil properties that influence cotton yield through the correlation of various soil properties and cotton yield at points that characterize the field's full range of yield and properties influencing that yield. However, this is just one piece to the puzzle because yield is influenced by a complex interaction of meteorological (humidity, temperature, etc.), biological (e.g., pests), anthropogenic (management related), and edaphic (soil related) factors. Nevertheless, knowing the site-specific edaphic influences on crop yield provides a layer of information useful in its site-specific management. By knowing the soil properties that influence a crop's yield, recommendations can be made to improve productivity. Based on Eq.
[3], cotton yield at the Broadview Water District study site can hypothetically be improved by 1. reducing the LF in highly leached locations (i.e., areas where LF Ͼ 0.5), 2. reducing salinity by increased leaching in areas where the average root-zone (0-1.5 m) salinity was Ͼ7.17 dS m Ϫ1 , 3. increasing the plant-available water, 4. and reducing the pH.
All four recommendations can be accomplished by improved water application timing and distribution and areas with average root-zone salinity Ͼ 7.17 dS m Ϫ1 can be leached more heavily; and (iii) coarse-textured soils in the San Joaquin Valley: salinity (EC e ), volumetric water content, b , and clay content. Hypothetically, when with low plant-available water (i.e., g Ͻ 0.3 g g Ϫ1 ) can be irrigated more frequently. Areas of high pH (i.e., crop yield correlates with EC a , spatial distributions of EC a provide a potential means of determining soil proppH Ͼ 8) can be lowered with the addition of a soil amendment (e.g., organic matter, acid, sulfur). Clearly, erties that influence yield. This hypothesis was evaluated. A yield map would provide this same capability, the delineation of site-specific management units based on this information can be accomplished with the overbut because yield monitoring has not been developed for all crops, EC a maps provide a viable alternative when lay capability in a GIS. The presented approach provides spatial information yield-monitoring data are not available.
From a practical perspective, the key to determining for use in soil and crop management. The aforementioned recommendations reflect the importance of irrithe soil properties that influence crop yield is a sample design that minimizes the number of samples but spagation management and efficiency to cotton yield on arid-zone soils of the San Joaquin Valley. As indicated, tially characterizes the soil properties influencing yield. Rapid and easily obtained spatial measurements of EC a spatial distribution and frequency of applied irrigation water are important factors in cotton yield by controlling provide a means of determining the soil properties that influence cotton yield by serving as covariate spatial leaching of NO 3 -N, salt accumulation in the root zone, and available water to the plant. The results suggest that information for directing soil sample design. This approach minimizes an otherwise intensive grid sampling irrigation water needs to be applied at a higher frequency in areas of a field that have lower plant-available water over the range of their measured occurrence within the field, to improve yield. (i.e., generally more sandy-textured soils), whereas soils high in clay with higher plant-available water need less It is well known that the exclusive use of EC a maps to explain yield variability is ineffective. Even though frequently applied water. Furthermore, an efficient spatial distribution of water application is needed that optia crop yield map is the best indicator of all factors influencing yield because it encompasses edaphic, anmizes leaching. Optimal leaching provides sufficient water at a location to optimize crop yield while minimizing thropogenic, biological, and meteorological factors, the interactions of these factors are too complex to derive environmental impacts and unnecessary depletion of water resources. This is achieved by (i) providing sufficient site-specific management recommendations. Crop yield maps by themselves are of limited utility because of the water to meet evapotranspiration and leaching needs; (ii) minimizing overleaching of nutrients, which reduces difficulty in isolating the influence of each factor. However, a map of EC a can be used in soil sample design yield and detrimentally impacts ground water and drainage water; and (iii) adequately leaching areas that are to help isolate soil-related factors and specific anthropogenic factors (i.e., leaching efficiency), which influence above the salinity threshold for the crop. All of these require accurate spatial information on crop water use.
yield heterogeneity, thereby providing an initial level of understanding for making site-specific management recAdjustments to the application of irrigation water within a field can be based on the analysis and interpreommendations. Furthermore, crop yield maps are not always obtainable because yield-monitoring equipment tation of spatial soil data as presented in this study. However, the ability to control the application of irrigahas not been developed for all crops, but a map of EC a can always be obtained. In general, exclusive use of a tion water to delineated management units within a field is limited. Commercially available irrigation systems cayield or EC a map by itself is not sufficient to understand the reason(s) for yield variability in a field. Each is a pable of within-field application control at a cost-effective price are currently unavailable. Nevertheless, conpiece to the puzzle of understanding the cause-and-effect factors influencing the spatial variation of a crop's yield. ventional sprinkler and flood irrigation systems can still benefit from this spatial soil information provided simple modifications are made to the irrigation system. Sta-
